There is ongoing concern that extended exposure to cell phone electromagnetic radiation could be related to an increased risk of negative health effects. Epidemiological studies seek to assess this risk, usually relying on participants' recalled use, but recall is notoriously poor. Our objectives were primarily to produce a forecast method, for use by such studies, to reduce estimation bias in the recalled extent of cell phone use. The method we developed, using Bayes' rule, is modelled with data we collected in a cross-sectional cluster survey exploring cell phone user-habits among New Zealand adolescents. Participants recalled their recent extent of SMS-texting and retrieved from their provider the current month's actual use-to-date. Actual use was taken as the gold standard in the analyses. Estimation bias arose from a large random error, as observed in all cell phone validation studies. We demonstrate that this seriously exaggerates upper-end forecasts of use when used in regression models. This means that calculations using a regression model will lead to underestimation of heavy-users' relative risk. Our Bayesian method substantially reduces estimation bias. In cases where other studies' data conforms to our method's requirements, application should reduce estimation bias, leading to a more accurate relative risk calculation for midto-heavy users.
INTRODUCTION
As time passes, cell phone use continues to increase and the age of first ownership continues to decrease. 1 Concurrently, there is an ongoing debate about the possible biological and health effects from exposure to cell phone microwave radiation, which has led to calls for further research, especially regarding effects on children. 2 Studies include those exploring whether cell phone use is associated with a variety of brain and neck tumours. 3--8 Such case--control studies evaluate participants' relative risk according to their extent of cell phone use, but these evaluations usually rely on participants' recall for extent of use.
Validation studies comparing recalled and billed data have shown that recall is notoriously inaccurate, introducing estimation bias. Both adult 9--11 and adolescent data 12, 13 have shown strongly right-skewed bill and recalled distributions. In each case, log transformation of recalled data has produced a normal, or nearly normal, distribution. However, there always remains a broad scatter of residuals indicating a large random error in recall. This random error has been shown to have a high impact on risk estimates toward a null effect.
14 Another study has reported that random recall errors can lead to a large underestimation in the risk of brain cancer associated with mobile phone use if the true odds ratio is 41 (p. 380). 10 This paper presents a forecasting method to reduce estimation bias using recalled data. It has been based on recall of the extent of adolescents' recent weekly SMS-texting.
METHODS

Setting and Population
The method was developed using data collected in a cross-sectional cluster survey exploring wireless phone user-habits among adolescents (aged 10.3--13.7, median 12.3 years) of the Wellington Region, New Zealand, carried out during 2009 (N ¼ 373). One randomly selected year-7 and/or -8 class from 16 of 142 schools across the region took part in the survey. Participation was 85% of those invited, comprising 55.5% male, 44.2% female and 0.3% transgender students. The sample was proportionately representative of the region's socioeconomic school ratings and school type: full primary, intermediate, year 1--13 and year 7--13; state/ private; mixed/single sex; and secular/religious. Ethical approval was obtained from the Victoria University of Wellington human ethics committee, and informed consent was given by principals of participating schools and parents of participating students. All participants were asked to bring their cell phone to school on the survey day if they owned one.
Data Collection
All survey sessions were completed during morning classes for uniformity. Participants who owned or regularly used a cell phone were asked to nominate their recent average daily, weekly, or monthly number of SMStexts (texts) sent, or to provide a range, if preferred. They were also asked to name their provider; their payment type; their texting plan, if any; and the billing date where relevant. Those with a fixed-price plan allowing up to 500 or 2000 texts-per-month (500 and 2000 plan) and who had their phone at school retrieved their remaining text allowance for the current month. This service was available free-of-charge by calling or texting their provider. An automated response reported either, ''As of (date), you have (number) texts remaining on (plan type)'' or, ''Your text balance is (number) and recurs on (date)'', depending on the provider to which the participant subscribed. The data were used to deduce actual weekly use by dividing the number of texts sent in the current month by the number of elapsed days, then multiplying by 7. We assumed that errors in the actual (billed) rate of use were negligible, that is, actual use was taken as the gold standard. Data of those with no text plan (n ¼ 36) and those on family plans (n ¼ 2) were excluded from development of the model. Note that data of those with no plan, where available, indicated negligible texting use.
Analysis of Relationship Between Recalled and Billed Data
The primary exposure metrics used were weekly log 10 actual texts sent (billed) and weekly log 10 estimated texts sent (recalled).
We measured the agreement between recalled and billed data by regressing the difference of the log-recalled and log-billed data against the log-billed data. This adaptation of Bland and Altman's method 15 was preferred as one variable (billed) was known to be more accurate than the other (recalled), unlike the medical situations for which the method was developed. In this case, using the mean of the logs on the horizontal axis, as in the Bland and Altman approach, would introduce an unnecessary random error in the abscissa.
The regressed residuals were tested for homogeneity by applying Ftests to compare the variances of the outer quartiles and central 50% of the billed data.
We regressed the log-recalled against the log-billed data and obtained regression coefficients b 0 and b 1 for use in the Bayesian method.
Variability of use during the month since billing was checked by ordering billed data by days elapsed since billing, and examining the distribution of each tertile.
Analyses were undertaken using statistical programmes SPSS 17.0. 
Background Explanation for Our Approach
Psychological literature on how people estimate a number of observed objects (known as the numerosity) suggests that this occurs on a logarithmic mental scale. 16 Distribution of numbers and digits, and the extent of rounding, in our data indicated this also applies to recalled numerosity; the detail and psychological implications of this have been explored elsewhere (Redmayne, Smith and Abramson, 'Psychology of estimating cellphone use relies on a logarithmic mental scale: results from a cross-sectional survey and implications for epidemiology', under review). The evidence of a mental logarithmic scale guided the way we handled the data. First, the geometric mean was assigned when a participant provided a recalled range of use; if the range began with zero, one was added to enable the calculation. The data thus treated was used for all analyses, the regression model and the Bayesian method. Second, we log-transformed the data to obtain the regression for the Bayesian method. Log transformation is commonly employed before the analysis, but the evidence that number recollection takes place on a mental logarithmic scale provides an empirical justification for doing so.
Development of a Regression Model and Bayesian Method
A regression model and Bayesian method were developed using the weekly data of those with the 500 and 2000 texts-per-month plans, and with these data pooled. Billed zero use was entered as 1 (two participants) to allow viable log-transformation. An inverse linear regression forecast model was first tested with logtransformed data, using
where (b) is billed texting rate and (r) is recalled, and b 1 and b 0 are the regression coefficients after regression of log(recalled) against log(billed). This approach, also known as statistical calibration, uses the estimated relationship between responses r and a reliable covariate b to infer the values of unknown r from recorded b. 17 The inverse approach (Eq. (1)) was used because regression of billed against recalled use violates the assumptions of linear regression as recalled use had considerable error.
We then adopted a Bayesian approach, which has been successfully used elsewhere in epidemiology. 18 This method incorporates problemspecific contextual information; in this case, it is the prior distribution of the billed data. We used Bayes' rule: f(r|b) is provided by the regression of log r on log b assuming normal errors in the log r residuals with mean zero and variance s 2 estimated from the regression residuals. Forecasts of b are taken as the medians of f(b|r), and 95% credible intervals for the forecast values are provided by the 2.5 and 97.5 percentiles of f(b|r), all determined by numerical integration of f(b|r) (Eq. (2)) to get the percentiles. It is required that the distribution of the billed values f(b) be known (or approximated) but not the distribution of the recalled, because f(b|r)f(b) is normalised to integrate to unity (numerically integrated). Because we had analytical expressions for the priors (exponential, lognormal), simulations were unnecessary. This forecasting method was based on the following requirements: (1) log-transformed recalled data were linearly related to log-transformed billed data; (2) residuals were normal and had a common variance, that is, the scatter was independent of billed use; and, (3) the number of days as billing did not significantly (Po0.05) affect the levels of use. (4) The distribution of billed use f(b) is known or can be approximated.
Forecast modelling was undertaken with MatLab.
RESULTS
Participation
At least one cell phone was owned by 285 (76%) participants; 201 (70.5%) cell phone owners had a texting plan, 189 (94%) of these with a 500 or 2000 texts/month plan. Paired ''recall'' and ''billed'' data for weekly use by these plan-holders were available from 108 participants: fifty-nine on the 500 plan, and 49 on the 2000 plan. The two groups shared the same distribution of data ( Figure 1a) ; the mean of the 2000 plan fell within the 95% confidence interval of four times the 500 plan (Table 1, Figure 1b) . A range of recalled use was provided by 24 participants (22%) in the pooled groups, while the remainder was specific. We chose three data sets to illustrate our method: the weekly data from the 500 and 2000 plan data sets, and the combined set of 500 and 2000 plan weekly data.
Accuracy, Variability, and Trend of Recall Data were right skewed, consistent with having an exponential distribution (see next section). Log 10 transformation resulted in a slight left skew. It also linearised the relationship between recalled and billed data (two-tailed r ¼ 0.721, P ¼ 0.01). Residuals of recalled weekly data used for the Bayesian method had a homogeneous variance of scatter with respect to billed value (variance ratios Q2 þ 3:Q1 F ¼ 1.23, P ¼ 0.28; Q2 þ Q3:Q4 F ¼ 1.41, P ¼ 0.165; Q1:Q4 F ¼ 1.15, P ¼ 0.36). We assumed the residuals to be normally distributed (J-B 2.12, P ¼ 0.34). 19 Mean recalled use fell within the 95% confidence interval of mean billed use (Table 1) . However, this was less important than a trend from overestimation to underestimation, apparent as the billed use increased. As this trend was significantly different from 1, it indicated that regression-based 95% limits of agreement should be adopted 15 ( Figure 2 ). Variability was large with a 95% multiplicative error factor of 5. This means, for example, that for a billed use of 100, 95% of recalls would range from 20 to 500.
All participants who provided billing data had had 3 or more days since billing. Variation in the extent of use according to the days that had passed since billing was not statistically significant (Po0.05).
Distribution of the Data
It is common to treat cell phone data as having a log-normal distribution, which was approximated in our pooled data (Figure 3a) . However, both billed and recalled single-plan data more closely fitted an exponential model (Figure 3b ) (i.e. f ðbÞ ffi ð1=mÞ expðÀb=mÞ, where m is the billed use population mean, estimated by the sample mean). The similarity of the recalled and billed distributions suggests that if only the recalled Billed use on horizontal axis (see Figure 2) . distribution is available, it could be substituted for the billed distribution in the Bayesian method.
Mental Process Behind Recall
Recall data revealed a pattern of reporting digits and an extent of rounding, which indicated that recall of numbers was logarithmic in nature, rather than linear. In addition, as the number (of texts/ minutes/calls) being recalled increased, assigned values were lower proportionally than those expected. This is apparent in the trend seen in Figure 2a and b.
Forecasting Method
The inverse linear regression model resulted in upwardly biasing the top B50% of forecast values by up to a factor of 6. For example, the highest recalled weekly texting value of 1800, with corresponding billed value of 250, yielded an inverse linear forecast billed value of 4800 for the pooled data set (Figure 4b and c).
The forecast was therefore calculated using the Bayesian method. Figure 4a --c compares the Bayesian forecasts with inverse regression forecasts and the data for the 500 plan, 2000 plan, and pooled data, respectively. Bayesian forecast uncertainties are represented by 95% credible intervals. The previous example with a recalled value of 1800 returns a much improved Figure 3 . Cumulative probability distribution for billed and recalled data (stairs), and best-fitting log-normal and exponential models for the billed (curves). (a) Shows the pooled 500 and 2000 texting plan data and (b) the 500 plan alone. In both cases, an exponential model for recalled use is indistinguishable from the billed model. forecast value of 912 using the Bayesian method on the pooled data set.
Applying the Method Providing the prior distribution of the billed (actual) data is known or can be approximated, other cell phone studies may apply this method. The similarity of the billed and recalled distributions for each of the 500, 2000, and pooled data sets suggests that it may often be possible to use the distribution of recalled data for the prior distribution of the billed.
DISCUSSION
This paper is the first to present a Bayesian method for reducing estimation bias in recalled cell phone text data. In cell phone studies, the broad scatter of recall data poses a real problem, potentially seriously affecting risk calculations. Our method offers a possible solution. This method has been developed to reduce estimation bias that arises from the large random error inherent in recalling numerosity; this error has been observed in the recall of cell phone use in all studies that have gathered data this way. We developed the method using texting data, but the use of a logarithmic mental scale for recalling numerosity was equally apparent in the recalled weekly number of cordless phone calls made ( Figure 5 ). There is a considerable body of literature on the mental process of estimation numerosity not naturally being linear (reviewed in part by Brannon et al, 20 and in more recent research 16 ). There are other factors that are worth consideration. The first is the influence of a known prepaid number of texts, and the second is the short period over which average use was recalled.
Knowing the prepaid number of texts available monthly (500 or 2000) might be expected to influence the accuracy of recall by providing a point of calibration, even though extra texts could be sent at extra cost. This appears to have been borne out: despite the two groups in our study comprising different participants, the estimates of those with the 2000 limit were, on average, very close to four times that of those on the 500 limit. There is also evidence in the psychology literature to support this suggestion. 21 Many participants in other studies may also have had a calibration point, provided by the number of monthly calls they made being itemised in their monthly bill. Indeed, this may be one reason why recall of the number of calls generally has less variability of recall than their duration. 9--11,13 This concern is one reason that we based the method on weekly rather than monthly recall. There is little restraint on upper-end use over the course of a week, as demonstrated by 26 (24%) plan-holders using more than a quarter of the plan allowance in that time. One of these used the whole allowance of 500 in a week, although recalled use was 30--50. Overall, despite knowing their monthly prepaid plan allowance, the random recall error for weekly use was still high.
Our study asked participants to recall their most recent month's use; these data displayed a large variability. We would expect the variability to be even larger where recalled use if from a period of several years earlier. The important point is that the wider the scatter in recall, the more necessary it becomes to use an approach other than regression. This is because a large error in recall increasingly biases forecast values positively as the recalled quantity increases. The essence of this is demonstrated in Figure 4 . The larger the variability, the greater this introduced error. It is inevitable that the upper end of such a regression model will be greatly overstated where the variance is large. If these predictions are then used to calculate relative risk, it will be underestimated.
The magnitude of scatter is consistent with other cell phone studies, so is not a result of our particular data set. As heavy use is of most interest in terms of assessing a possible relationship with brain tumours or other health problems, it is vital that a forecast method should not exaggerate this, particularly as doing so could lead to underestimation of relative risk for heavy users.
A Bayesian approach overcame this problem, and is applicable whether or not a systematic error (causing increasing overestimation or underestimation) is present. The method transformed recall data into a distribution of ''actual'' data that matched well the billed data within the 95% credible interval. These forecast values can then be used to evaluate relative risk.
Our independent study has several strengths. Paired billed and recalled data were available for a reasonably large proportion of the main study's cell phone owners. Missing recalled values were not imputed. Data collection and data entry were carried out by the first author thereby eliminating inter-rater-error. Further, the sample group was representative on several fronts (see the section 'Setting and population').
There were some limitations in the survey. One consideration is the accuracy of the gold standard, which was dependant upon participants correctly reporting the information they retrieved from their provider. However, the risk of error was low. Another consideration is the possibility of others' use of the phone. This was not asked about. The analysis assumes everyone interpreted the questions similarly, although this may not be the case. 22 Two international case--control studies currently underway will examine risk factors for brain tumours in young people. One is MOBI-KIDS, following and modelled on the Interphone study published in 2010, 3 considering those aged between 10 and 24 years. Validation of recall accuracy will be needed for this age group. The other is CEFALO, which is considering children aged 7--19 years in four European countries. 23 Results giving brain tumour risk have recently been published; 24 these were calculated using data collected in categories and conditional logistic regression models. Although we have presented reasons why our method could successfully be used by studies asking participants to recall Figure 5 . Recalled number of cordless calls made weekly. The location of each bar represents a specific quantity of calls made; the height represents the number of people who recalled that quantity. Numbering starts at the back left, and works across rows with 10 to each row (see scale 0--89), to the highest recall on the chart of 80 (there were also 2 of 100 and 1 of 150, not shown). If recall were on a linear mental scale, we would expect columns in each row to be randomly and uniformly distributed.
numerosity of phone calls, the current study was undertaken with texting data. This remains a limitation. We recommend that studies such as those named above seek to validate our method for use with recalled phone call duration or number of calls made and received.
In conclusion, a regression model using log-transformed data greatly exaggerated inferred upper-end use owing to a wide variability of recalled cell phone use. The wider the variability, the greater this effect is. If this model were relied on to calculate tumour-risk from cell phone use, it would lead to underestimation of relative risk for heavy users. A Bayesian approach resolved this. If cell phone exposure increases the risk of negative health impacts, its heavier use seems likely to provide evidence of this, but only if the methodology used is not itself introducing bias towards the null. We anticipate that other studies could apply our method in this and possibly other epidemiological circumstances (such as medical studies), where participants' recalled data involving numbers are available and the method's requirements are met.
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